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Mixture densityamental source of genetic novelty in vertebrate evolution. In this study, we
hypothesized that both continuous small-scale and discrete large-scale duplication play crucial roles in
vertebrate genome. On the basis of the hypothesis, we developed mixture density to model the age
distribution of gene duplications. The results of formal statistical inference suggest that the contribution of
both duplication modes can be conﬁrmed by the model, and one or two successive rounds of large-scale
duplication are placed at the early origin of vertebrates. The half life of a duplicate becomes much longer in
the long run than in the short run, which implies its functional evolution from redundancy to conservation. In
addition, the model reveals disparate impact of the duplication modes, which appears to be correlated with
macroevolution.
© 2008 Elsevier Inc. All rights reserved.Introduction
More and more biologists share Ohno's view that gene duplication
might be a more important source of evolutionary diversity and
complexity than point mutations [1]. While most duplicates become
prosedogenes rapidly because of functional redundancy, a small
proportion of them will be preserved due to subfunctionalization or
neofunctionalization [2]. Although duplication may result from either
small-scale (e.g. tandem duplication and retroposition) or large-scale
(block and genome duplication) [2], which mechanism provides the
dominant force for vertebrate evolution is usually under large
controversy [3]. The ‘continuous mode’ theory assumes that genes are
mainly created by constant small-scale eventswhich can be treated as a
birth-and-death process [4]. Especially, Lynch and Conery [5,6] applied
themodel to several genomes and they concluded that the process was
so frequent that small-scale duplication alone could generate enough
evolutionary novelty. On the contrary, the ‘big-bang mode’ theory is
characterized by discrete bursts of duplication, instead of proceeding
gradually [7]. Themost important evidence for it is that whole genome
duplication might occur at the origin of vertebrates [8], which is an old
hypothesis but has been proved by complete genome sequence [9]. By
observing the age distribution of gene duplications in human genome,
Gu et al. [3] integrated the above two theories and postulated that both
mechanisms have made signiﬁcant contributions to the contemporary.ac.cn (Y. Li).
l rights reserved.genome. Later, the age distribution was widely used to unveil ancient
large-scale genome duplication in various species [10] and explore the
coupling of molecular evolution and macroevolution [11].
Several efforts have been made to develop a quantitative model to
survey the distribution in plant genomes [12]. Maere et al. [13] were
the ﬁrst to present a model that could simulate both single gene
duplication and whole genome duplication in Arabidopsis. It was a
population dynamics model that treated the increase of duplicates as
the growth of natural population size. However, a potential pitfall was
proposed [12]: the model was very complicated but a formal test of
goodness-of-ﬁt was ignored, which would easily result in overﬁt and
misleading conclusions. More recently, Cui et al. [14] introduced a new
mixture model to identify ancient polyploidy in ﬂowering plants. The
model assigned separate probability density to each duplication mode
and then mixed them in a certain proportion. As the model was
completely based on probability distribution, it had the potential to
overcome the weakness mentioned above, but its statistical property
and possible biological relevance were not speciﬁcally discussed.
Particularly, it remained unclear whether the model was also
appropriate for vertebrate genome.
The purpose of this study was to extend the mixture model to
examine the hypothesis that both small- and large-scale duplications
play essential roles in vertebrate evolution. First, we represented the
model and statistical inference methods on the foundation of
probability theory. Next, we applied it to vertebrate genome to
discuss its biological signiﬁcance. An R package DuplMixwas provided
to carry on the analyses.
147Z. Wang et al. / Genomics 93 (2009) 146–151Results and discussion
Model deﬁnition
We ﬁrst deﬁned the concept suggested by Cui et al. [14] in rigorous
mathematical form. The age X of individual duplication is treated as an
independent and identically distributed random variable with density
function p. The key point is to split small-scale duplication (denoted
by ω1) and large-scale duplication (denoted by ω2) apart, each
associatedwith a different probability distribution. Speciﬁcally, for the
former mode, if we suppose the number of individual duplicates
generated at any time is constant, it can be described by an
exponential distribution characterized by a constant loss rate λ,
which reﬂects the fact that many recent duplicates are apparent, while
most ancient ones have been lost. The distributionwas also equivalent
to the dynamical equation adopted by Lynch and Conery [5]. For the
latter mode, we model it by a normal distribution with mean μ and
standard deviation σ, assuming that large-scale duplication occurred
at a ﬁxed time point in the past and taking the variance caused by
inaccuracies in time estimation into account [15]. For descriptive
convenience, only one round of large scale-duplication is considered
for the moment. If we use vector θ to represent the parameters above,
i.e. θ1=(λ), θ2=(μ, σ) and θ =(θ1, θ2), we will have
p xjω1; θ1ð Þ = λe−λx xz0ð Þ ð1Þ
p xjω2; θ2ð Þ = 1ﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2πσ
p e− x−μð Þ2=2σ2 ð2Þ
Since for any given sample x, we are not sure whether it comes from
ω1 or ω2, we suppose that it will be obtained from each class with
probability P(ω1) and P(ω2), respectively (summed up to 1). Thus, the
overall density function is given by
p xjθð Þ = p xjω1; θ1ð ÞP ω1ð Þ + p xjω2; θ2ð ÞP ω2ð Þ ð3Þ
which is a typical two-component mixture density [16].
Our basic goal is to sample the age of duplications in a genome to
estimate the unknown parameters θ, P(ω1) and P(ω2), which can be
solved by maximum-likelihood (ML) method. We developed a
numerical algorithm and implemented it in an R package DuplMix
(see Materials and methods).
Pattern of gene duplications in vertebrate genome
The model could be applied to explore the age distribution of gene
duplications for vertebrate genome.We reconstructed the distribution
through genomic comparison (Table 1). Vertebrate paralogous families
were obtained from human genome but without loss of generality, we
only focused on those owned by the common ancestor of vertebrates
and invertebrates. Speciﬁcally, a family should contain aﬂyand aworm
ortholog that were used for calibration of time and to root the
phylogeny tree, respectively (Fig. 1A). In order to reduce the errors of
molecular clock for our model, we developed a strict pipeline to build
gene families and date the age of duplications based on phylogeny (seeTable 1
Genome information in this study
Species Group Genome size (Mb) Chromosome
number (2n)
Unigenes Source
Homo sapiens Vertebrate 3104 46 23713 NCBI 36
Drosophila
melanogaster
Invertebrate 132 8 14039 BDGP 4
Caenorhabditis
elegans
Invertebrate 100 12 20065 WS 150
Fig. 1. Fitting mixture density to the age distribution of gene duplications in vertebrate
genome. (A) Model linearized tree of vertebrate paralogous phylogeny. The worm gene
is used to root the tree and the divergence time between ﬂy and vertebrate is used as
calibration. Tree nodes representing duplications are indicated by red points. (B) Fitting
two-component model. (C) Fitting three-component model. The second normal wave is
likely to be caused by local noise.Materials and methods). A total of 768 duplications among 269
families were preserved in the ﬁnal data set (Supplementary Table S1),
and the density histogram of their ages was exhibited in Figs. 1B, C.
Table 2
Model estimation and comparison for the age distribution
Model Parameter estimation KS test LR test
λ μ σ P(ω1) P(ω2) p-value Log-likelihood p-value
Normal density – 0.88 0.96 – – ≈10−16 −1054.62 ≈0a
Exponential density 1.13 – – – – ≈10−8 −673.42 ≈0a
Two-component 0.99 0.64 0.21 0.67 0.33 0.32 −617.11 0.01b
Three-componentc 0.99 0.63 (1.17) 0.20 (0.01) 0.65 0.34 (0.01) 0.30 −611.16 –
a Using single-component model as null hypothesis and two-component model as alternative hypothesis.
b Using two-component model as null hypothesis and three-component model as alternative hypothesis.
c Estimates for the second normal density are in brackets.
Fig. 2. Bootstrap distributions of parameter estimators. The frequency distributions are
estimated on the basis of 1000 bootstrap resample sets. (A) The 95% CI for μ is 0.59 to
0.68, which is translated to 586–675 Myr ago by using 993 Myr as calibration; (B) and
for λ is 0.88 to 1.11, which is equivalent to a half-life of 620 to 780 Myr for vertebrate
duplicates.
148 Z. Wang et al. / Genomics 93 (2009) 146–151Although we used fewer species as outgroups, the distribution was
quite consistent with the report of Gu et al. [3] and could be used for
further study.
Three controversial views, ‘continuous mode’, ‘big-bang mode’ and
‘mixture mode’ were proposed to describe the pattern of gene
duplications in vertebrates [3], but no formal statistical approach
was provided to test them before. The issue could be settled in the
framework of mixture density through model comparison. We ﬁtted
the two-component model to the age distribution (Fig. 1B) and
compared its goodness-of-ﬁt with single-component models by
Kolmogorov–Smirnov (KS) test (Table 2). It was obvious that neither
exponential nor normal density could ﬁt to the distributionwell alone
(p-value≤10−8), but a two-component mixture model was already
sufﬁcient to interpret it (p-value=0.32). The likelihood ratio (LR) test
has more statistical power for model comparisons in our problem
because a mixture with more components hierarchically incorporates
the onewith fewer components through the addition of parameters. It
also showed that the two-component model greatly improved the
likelihood compared with a single density (p-value≈0). The analysis
not only strongly supported the assumption that both small- and
large-scale duplication were indispensable, but also provided an
approximate estimation of their proportion in current genome (67%
and 33%, respectively).
1R/successive 2R
There remains considerable argument as to whether one or two
rounds of large-scale genome duplication (1R/2R) occurred in the
evolution of land vertebrates [8]. To examine the debate, we extended
the model and algorithm to three components by adding another
normal density that would detect a putative second round of large-
scale duplication (Fig. 1C and Table 2). Although LR test showed the
three-component model was slightly preferred (p-value=0.01), the
second normal wavewas of little interest because it only accounted for
1% of all duplications, which should be better interpreted as a local
noise rather than another round of large-scale event. Since only one
large wave could be inferred, we concluded two discrete rounds of
large-scale eventswere impossible. However, the temporal proﬁlewas
equivocal to distinguish 1R and successive 2R because if the two
events happened in short succession, their waves would be over-
lapped. The issue needs to be taken further by combining temporal
analysis with other clues [9,17].
Time of large-scale duplication
The time of large-scale duplication could be obtained by observing
the location of peaks in the age distribution [3,9,10], but the sampling
error was not seriously considered before. The problem can be
avoided in our model through calculating conﬁdence intervals (CI) to
assess the reliability of estimates. We performed non-parametric
bootstrap sampling under two-component model and derived the
95% CI for μ from its bootstrap distribution directly (Fig. 2A). Using the
vertebrate-ﬂy divergence (993 million years [Myr] ago [18]) ascalibration, we translated it to range 586–675 Myr ago, which fell into
the time window of early vertebrate evolution (528–751 Myr ago,
deﬁned as the period before the emergence of teleosts but after the
vertebrate-cephalochordate split [18]). Interestingly, it was also
consistent with the second oxidation event (550–800 Myr ago) [11].
The result conﬁrmed previous reports [3,9] and implied the
correlation between the burst of genome duplication and the
emergence of vertebrates.
Fig. 3. Bayesian classiﬁcation of duplication modes. The Bayesian classiﬁer is based on
the derived components of themixture density. The decision boundaries determined by
Eq. (4) divide the time axis to three intervals that represent different duplication modes
and periods.
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The loss rate λ of individual duplicate gene is another interesting
parameter in ourmodel. The half life of a duplicate can be calculated as
− ln 0.5/λ. Lynch and Conery [5,6] estimated it to be 7.5 Myr in human
genome, which would mean that duplications were even as frequent
as single nucleotide mutations. However, their estimation was based
on very young duplicates, and whether it was the case in the long run
remained unknown. By combining both recent and ancient process
together, our model could ﬁll the gap. With the same method as μ, we
also calculated the 95% CI for λ and transformed it to a half-life of 620–
780 Myr for vertebrate long-term duplicates (Fig. 2B). The result was
about two orders of magnitude longer than initial short-term
estimation, and the contrast indicated a duplicate underwent altered
evolutionary trajectories [19]. When it was newly born, a duplicate
seemed very likely to be lost due to functional redundancy [2].
However, once it was ﬁxed during a long period, it would become
highly conserved because of the gain of new beneﬁcial features and
the elimination of paralogous compensation [20].Table 3
Functional enrichment for each duplication mode
Duplication mode Over-duplicated category No.
Large-scale Hexose metabolic process 26
Monosaccharide metabolic process 26
Carbohydrate metabolic process 36
Alcohol metabolic process 38
Cellular carbohydrate metabolic process 34
Glucose metabolic process 22
Cellular carbohydrate catabolic process 13
Carbohydrate catabolic process 13
Fructose metabolic process 8
Cellular metabolic process 238
Recent small-scale Nucleocytoplasmic transport 12
Gamma-aminobutyric acid signaling pathway 14
Protein import into nucleus 8
Positive regulation of cellular process 36
Nuclear import 8
Chloride transport 16
Ubiquitin cycle 16
Inorganic anion transport 16
Potassium ion transport 23
Synaptic transmission 29
Only the top 10 most signiﬁcant categories for each mode are listed. See Supplementary TaEvolutionary impact of different duplication modes
Comparing genes generated by different mechanisms may reveal
their evolutionary impact [21]. Therefore, we constructed a Bayesian
classiﬁer based on the mixture model. Speciﬁcally, for a given sample
x, if it satisﬁes
p xjω1; θ1ð ÞP ω1ð Þbp xjω2; θ2ð ÞP ω2ð Þ ð4Þ
we decide that it belongs to ω2 according to maximum posterior
probability criterion; otherwise to ω1. We divided three classiﬁcation
intervals for our data set under two-component model, which were
corresponding to three different duplication modes and periods, i.e.
recent small-scale, large-scale and ancient small-scale (Fig. 3). Next,
we mapped genes arising from every interval to biological process
annotations of Gene Ontology (GO) [22] and performed functional
enrichment analysis.
We found considerable functional bias existed among different
duplication intervals (Table 3). For instance, genes relevant tometabolic
processes, such as carbohydrate and alcohol metabolism, were
massively retained in large-scale duplication. The similar conclusion
was approved in glycolytic pathway as well [23], and it might be
becausemore energywas a precondition for the development of highly
complex organisms. Furthermore, being compatible with a recent
report on the effect of oxygen in evolution [11], our result implied that
the oxidation event breaking out at that time might play some role in
large-scale duplication. In recent small-scale duplication, on the other
hand, more genes responsible for regulation, cellular transport and
signal transduction were retained, indicating increased complexity
during vertebrate divergence. However, almost no functional enrich-
ment was obtained for ancient small-scale duplication due to the long
evolutionary period. Although therewas some inconsistencywith other
ﬁndings [24], a more comprehensive understanding of the relationship
between genome duplication and macroevolution can be achieved by
applying the model to more species and gene families.
Conclusions
In this study, we developed the mixture density model and used it
to analyze the age distribution of gene duplications in vertebrate
genome. Themost notable advantage of the probabilistic model is that
formal inference methods are available in its framework, which can
provide statistical approvals or insights to evolutionary hypothesesof duplicates Percentage in the category p-value FDR
86.7% 0.000 0.000
86.7% 0.000 0.000
80.0% 0.000 0.000
82.6% 0.000 0.000
85.0% 0.000 0.000
84.6% 0.000 0.033
86.7% 0.004 0.098
86.7% 0.004 0.098
100.0% 0.004 0.107
55.2% 0.005 0.115
85.7% 0.000 0.000
93.3% 0.000 0.000
100.0% 0.000 0.000
59.0% 0.000 0.000
100.0% 0.000 0.000
69.6% 0.001 0.066
69.6% 0.001 0.066
69.6% 0.001 0.066
62.2% 0.001 0.070
58.0% 0.001 0.073
ble S2 for full result.
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duplication. First, the model validated the contribution of both
small- and large-scale duplications, and one or two successive rounds
of large-scale events must have happened in the early stage of
vertebrates. Second, we showed that the half-life of long-term
duplicates is much longer than that of short-term ones. The altered
loss rate may imply their acquisition of novel functions. Finally, we
discussed the coupling of duplicationmodes withmacroevolution. For
example, the large-scale duplication may drive the origin of
vertebrates through improving aerobic respiration, while subsequent
small-scale duplication greatly enhanced their complexity and
diversity.
Materials and methods
Gene families building
All protein sequences of the three species,Homo sapiens,Drosophila
melanogaster and Caenorhabditis eleganswere downloaded from NCBI
GenBank database [25]. They were ﬁrst mapped to NCBI Gene ID to
reduce redundancy. Pairwise alignments of the sequences were
accomplished by BLASTP [26] with default setting. Only HSPs with
E-value smaller than 10−5 and similarity score more than 50% were
preserved.Weadopted themethodof EPGD [27] to deﬁnebothparalogs
and orthologs: (i) all HSPs for two sequences should be compatiblewith
their global arrangement, otherwise removed; (ii) the remaining HSPs
should covermore than 80% of the protein length; (iii) these conditions
were symmetrical for both proteins. Gene familieswere generated from
homologous pairs through single-linkage clustering and multiple
alignment for each family was done by CLUSTALW [28].
Dating the age of duplications
A variety of methods has been suggested to estimate the time of
duplications [10] and we chose the strict phylogenetic approach based
on construction of linearized trees. For each family, LINTREE [29] was
used to create the neighbor-joining (NJ) tree based on Possion
corrected amino acid distance, and then the two-cluster test was
applied to the NJ tree to check for constant rate. Those deviating from
the molecular clock at 5% signiﬁcance were further checked by
branch-length test to remove sequences with heterogeneous rate. The
procedure was repeated until all remaining sequences evolved at a
similar rate. Branch lengths were re-estimated based on molecular
clock assumption for the ﬁnal linearized trees [29]. 269 trees including
at least two human genes, one ﬂy gene and one worm gene were
preserved to date vertebrate gene duplications.
Tree nodes representing duplications were searched by depth-ﬁrst
algorithm and both inparalogs and outparalogs [30] were identiﬁed.
By comparing the divergence of duplicates with vertebrate-ﬂy split,
their absolute age could be inferred. If there were more than one node
representing vertebrate-ﬂy split, we used the average evolutionary
distance of them. A total of 768 duplications were dated in this way.
Statistical methods implementation
Wedescribedparameterestimation algorithm indetail below, taking
two-component model for example. When a data set (x1, x2, …, xn)
containing the time of every duplication is available, it can be shown
that the ML estimates for parameters in Eq. (3) must satisfy [16]
P^ ωið Þ = 1n ∑
n
k = 1
P^ ω1jxk; θ^
 
ð5Þ
and
∑
n
k = 1
P^ ωijxk; θ^
 
jθi lnp xkjωi; θ^i
 
= 0 ð6Þwhere
P^ ωijxk;θ^
 
=
p xkjωi; θ^ i
 
P^ ωið Þ
∑
c
j = 1
p xkjωj; θ^j
 
P^ ωj
  ð7Þ
The conclusion above holds for arbitrary distributions. In our special
two-component case (c=2), if we substitute Eqs. (1) and (2) into Eq.
(6), we will obtain
λ^ =
∑
n
k = 1
P^ ω1jxk; θ^
 
∑
n
k = 1
xk P^ ω1jxk;θ^
  ð8Þ
μ^ =
∑
n
k = 1
xkP^ ω2jxk;θ^
 
∑
n
k = 1
P^ ωjxk;θ^
  ð9Þ
σ^
2
=
∑
n
k = 1
xk−μ^
 2
P^ ω2jxk; θ^
 
∑
n
k = 1
P^ ω2jxk; θ^
  ð10Þ
Eqs. (8), (9) and (10) have a simple interpretation that every sample xk
plays some role in estimating θι weighted by its posterior probability
for classωι. It is not difﬁcult to see from Eq. (6) that this interpretation
can be generalized to multi-component case involving more normal
densities.
Although the equations don't give the ML estimates explicitly, we
can design a numerical algorithm to solve them as follows:
initialize P(ω1), P(ω2), λ, μ, σ
do
compute posterior probability according to Eq. (7)
recompute P(ω1), P(ω2), λ, μ, σ according to Eqs. (5), (8), (9) and (10)
recompute log-likelihood according to Eq. (3)
until small change in log-likelihood
return P(ω1), P(ω2), λ, μ, σ
The computational complexity of the algorithm is O(cnT), where c
is the number of components (c=2 in this case); n is the size of data set
and T is the number of iterations. We set 0.001 as the threshold for
log-likelihood change to end the iterations. Like all gradient ascent
procedures, extra strategies should be taken to avoid local maxima. In
our estimation for two- and three-component model, initial values
were generated randomly in a reasonable space and the estimation
procedure was repeated for 100 times. The global optimumwas ﬁnally
chosen from those local maxima.
KS test, LR test and Bayesian classiﬁcation can easily be
implemented when the density function Eq. (3) is known. As for
conﬁdence interval estimation, a resample set with the same size of
the original one was created by sampling with replacement.
Parameters were re-estimated based on the resample by using the
estimates of the original sample as initial values. The procedure was
repeated for 1000 times and the 95% CI was directly derived from the
2.5% and 97.5% percentiles of the bootstrap distribution. The main
methods mentioned above have been implemented in an R package
DuplMix, which can be downloaded from our web site http://www.
biosino.org/papers/DuplMix/.
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GO annotations were searched through the software GoMiner [31]
and biological processes were analyzed in the study. Comparing
annotations between all duplicates and those from a particular
interval, it could ﬁnd that GO categories signiﬁcantly enriched in the
subset.
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